This paper contributes to explain the cross-country heterogeneity of the poverty response to changes in economic growth. It does so by focusing on the structure of output growth itself. The paper first presents a two-sector theoretical model that clarifies the mechanism through which the sectoral composition of growth and associated labor intensity can affect workers' wages and, thus, poverty alleviation. Then, it presents cross-country empirical evidence that analyzes, first, the differential poverty-reducing impact of sectoral growth at various levels of disaggregation, and, second, the role of unskilled labor intensity in such differential impact. The paper finds evidence that not only the size of economic growth but also its composition matters for poverty alleviation, with largest contributions from labor-intensive sectors, such as agriculture, manufacturing, and services.
agricultural and service sectors contribute more to poverty reduction that industrial sectors do. Khan (1999) applies the same methodology to study sectoral growth and poverty alleviation in South Africa. He finds that higher contributions are derived from growth in agriculture, services, and some manufacturing sectors.
A different approach consists of conducting reduced-form analysis on time-series data for individual countries. This is the approach taken by Ravallion and Datt (1996) to study the evolution of poverty in India during 1951-91. Linking poverty changes to value-added growth rates in the three major sectors of economic activity, they find that growth in agriculture and services helped reduce poverty in both urban and rural areas whereas industrial growth did not reduce poverty in either. Applying a similar methodology for the case of China over 1980 -2001 , Ravallion and Chen (2004 find that growth in agriculture emerges as far more important than growth in secondary or tertiary sectors for the purpose of poverty alleviation.
Finally, a third approach to examine the connection between growth composition and poverty reduction consists of analyzing particular features of the structure of production, such as labor employment and firm size. Using cross-country data, Fallon and Hon (2000) provide a preliminary study connecting poverty changes with aggregate labor intensity. They find that, controlling for per capita GDP growth, an increase in the country's labor-capital ratio is positively associated with a reduction in poverty. The authors interpret this result as indicating that poverty alleviation is related to the deepening of labor intensity. Beck, Demirguc-Kunt, and Levine (2005) , also use crosscountry data to assess the relative importance of small and medium enterprises (SME) in the manufacturing sector for poverty alleviation. They find that the initial size of the SME sector does not affect the rate of poverty alleviation. Although the authors do not explore this finding further, they mention that one possible explanation lies on recent evidence that demonstrates that small and medium enterprises are actually not more labor intensive than large firms.
Our work adds to this literature along four dimensions. First, we present a twosector theoretical model that clarifies the mechanism through which the sectoral composition of growth and associated labor intensity can affect workers' wages --and, thus, poverty alleviation--even in the absence of market segmentation. Second, we use cross-country evidence --with the pros and cons associated with increasing the underlying variation of the data--, allowing us to relate our results to the empirical macroeconomic growth and poverty literatures. Third, we employ a level of disaggregation that explores the diversity within the industrial sector, hoping to shed light on why it appears to be less pro poor than agriculture or services. And, fourth, we explicitly consider sectoral employment intensity as the mechanism through which the pattern of growth matters for poverty alleviation.
The plan of the paper is the following. Section II presents a theoretical model that formalizes our initial conjecture. It examines the wage (poverty) effect of output growth in a two-sector economy, where capital and labor are freely mobile and the sectors' technologies vary according to their labor intensity. Section III presents cross-country empirical evidence that analyzes, first, the differential poverty-reducing impact of sectoral growth at various levels of disaggregation, and, second, the role of unskilled labor intensity in such differential impact. Section IV offers some concluding remarks.
II. The Model
We now present a two-sector model with asymmetric technologies to help us understand the relation between sectoral growth and poverty alleviation. We focus in the two-sector case for simplicity, but the results are analogous for the n-sector case.
The economy is populated by two types of individuals: poor and rich. Both types are endowed with l units of labor, derive utility from the consumption of a final good, and have the same discount factor ρ and instantaneous utility function u(c)=log (c) .
However, only rich individuals have access to an asset a that allows them to transfer wealth across periods. This setting implies that the income and consumption of poor individuals depends only on the real wage rate. Thus we assume that the rate of poverty reduction is related only to the growth rate of real wages. Although this is an extreme assumption, it simplifies considerably the analysis and is roughly consistent with the low saving rates observed both in poor countries and poor households within a country. 1 The final good y is produced by a perfectly competitive firm using a constant- 
Intersectoral allocation
We first solve the optimization problem of firms producing final and intermediate goods for given levels of aggregate capital k and labor l. This will determine the intersectoral factor allocation.
Under perfect competition, the price charged by the final-good firm, p , equals its unit cost of production. Then, ( )
Solving the optimization problem of the final-good firm, we obtain the following expression for the demand of intermediate goods: 
(2) which imply that 2 2 1 1 2 1 1
Equations (1) and (3) --which correspond to the standard conditions for static efficiency--plus the conditions of factor market equilibrium, , 2 1 k k k = + and 1 2 l l l + = , result in the following allocation of labor and capital across sectors at every moment:
(1 ) ,
According to these expressions, the fraction of labor (capital) allocated to a sector depends on its relative price and labor (capital) intensity, as captured by the share of labor (capital) in its output i α (1 i α − ). So, although factor intensities are constant in the model, the allocation of factors across sectors will change in time as a result of movements in relative prices resulting from capital accumulation and productivity growth.
Although in principle we could use the previous equations to determine the relative prices of the intermediate goods 1 2 / p p as a function of the aggregate capitallabor ratio / k l , technological parameters, and sector productivities i A , this problem cannot be solved in closed form except in some special cases that restrict the values of ε and the i α (see Miyagiwa and Papageorgiu, 2005 , for a discussion). Nevertheless, we can use the results obtained so far to characterize the evolution of real labor income, which is the object of interest for our empirical analysis.
The evolution of real labor income
In what follows, it will be convenient to define the price of the final good as the numeraire (p=1), so that all factor returns are expressed in units of the final good. This definition of numeraire implies the following relation between intermediate goods prices: 
where, according to equation (1), ( ) if the elasticity of substitution is equal to infinity (linear production case), only the labor intensity matters. Importantly, with a unitary elasticity of substitution, the growth rate of real labor income depends only on the sum of the share-weighted growth of the different sectors, which equals the growth rate of total output. Thus, omitting the composition of growth as a determinant of real-wage increase and poverty alleviation is equivalent to assuming that the elasticity of substitution between sectors is equal to one. The magnitude of the elasticity also matters. The growth rate of labor intensive sectors will affect real wages positively only if the elasticity of substitution is relatively high ( 1 ε > ), otherwise the effect would be negative. The intuition is that if the elasticity of substitution is high (low) an increase in output in a sector requires, ceteris paribus, a less (more) than proportional decline in its relative price and an increase (decline) in the share of labor allocated to that sector. The higher the initial share of a sector in total employment, the larger the reallocation of labor into the sector that is required by an increase (reduction) in its share, and the larger the increase (decline) in real wages needed to reallocate labor into (out of) the sector. Therefore, it is the reallocation of labor into sectors that are growing relatively faster that is at the heart of the mechanism linking the composition of growth and the growth of the worker's income. For instance, in the Cobb-Douglas case ( 1 ε = ), sectoral labor shares are constant and all the adjustment occurs in relative prices. Uneven sectoral growth, therefore, would not require reallocating labor across sectors and so the composition of growth would not affect real wages.
It is important to notice that, although we have not explicitly related the growth rates of the different variables with the productivity growth of the different sectors (the i g s), the presence of technological progress is important for the long-run implications of the model (beyond transitional dynamics). If the model exhibits a balanced-growth path, the growth rate of each sector ˆi y and of the economy will be exclusively determined by the growth rates of productivity in all the different sectors of the economy (the i g s).
Characterizing the balanced growth path of the model is beyond the scope of this paper;
nevertheless, equation (10) is valid both during transitional dynamics and in balanced growth.
Our assumption that poverty changes are only a function of the growth rate of real labor income corresponds to assuming that ˆ( ) h ψ ω = , where ĥ is the growth rate of poverty. In the empirical section of the paper, we will estimate the parameters of the linearized version of this relation 0 1ˆ.
h γ γ ω = +
III. Empirical Evidence
Our empirical analysis consists of two related sections. In the first, we address the connection between the pattern of growth and poverty alleviation by disaggregating growth into its sectoral components and examining their corresponding effects on poverty. This is the traditional approach, and, thus, it allows us to place our analysis in the context of the received literature. The second empirical section modifies the sectoral analysis by introducing relative labor intensity as the source for the differential impact of sectoral growth on poverty reduction. This approach is derived from the theoretical model and, thus, establishes the link between theory and empirics in the paper.
Data and sample
Our sample consists of a cross-section of developing countries with comparable measures of poverty changes, disaggregated value-added growth rates at 3-and 6-sector levels, and unskilled employment at the same levels of disaggregation. In practice, our dataset is the result of combining the Kraay (2004) We focus on changes occurring over long horizons, where the poverty reductioneconomic growth relationship is most stable. For this reason we use only one spell per country, where the duration of the spell corresponds to the longest period for which initial and final poverty data exist for the country. 4 The rest of the variables (e.g., value added growth rates and labor ratios) are calculated over the corresponding period per country.
The dependent variable is the change in poverty over a period of time (spell) per country. To measure it, we use annualized log changes in the corresponding headcount poverty index, defined as the fraction of the population with income below a given poverty line. Following convention for cross-country comparability, the poverty line is set to $1 per person per day, converted into local currency using a purchasing-powerparity adjusted exchange rate.
Regarding the explanatory variables, we work with growth rates of sectoral valueadded and employment data at two levels of disaggregation. The first is the traditional sectoral division of agriculture, industry, and services. The second one disaggregates industry further into mining, manufacturing, utilities, and construction. Sectoral growth rates are calculated directly from data on sectoral value added as annualized log changes of per capita value added between the end and start of the corresponding spell.
Employment data is calculated indirectly from data on sectoral value added and payments to unskilled workers. The employment variable of interest --called "labor intensity" for short--is the ratio of unskilled workers in a given sector to total unskilled workers in the country. Under the assumption of wage equalization, in summary this is calculated as the ratio of payments to unskilled workers in a sector to total payments to unskilled workers in the economy. Regarding data for this calculation, only one observation per country or per similar countries is available from the original source (GTAP). 5
The resulting sample consists of 41 countries for 3-sector data and 30 countries for 6-sector data. Appendix 1 provides the list of countries included in the sample, as well as the initial and final years of their corresponding spell. Appendix 2 provides definitions and sources for all variables used in our empirical exercises, and Appendices 3 and 4 present their basic summary statistics for the 41-and 30-country samples, respectively.
Poverty reduction and sectoral growth
We are interested in estimating the effect of sectoral growth on poverty reduction.
The regression equation can then be written as,
where ĥ is the annualized rate of change of the headcount poverty index, ŷ is the annualized rate of change of sectoral value added, s is the sectoral value added share in GDP, and the subscript i and j represent country and sector, respectively. All growth rates are expressed in per capita terms. The set J consists of three or six sectors, depending on whether industry is considered as a whole or disaggregated into its four major categories. In principle, it may be possible to estimate the poverty effect of output changes in a levels regression. However, the literature advices a regression in differences to control for fixed effects that may be driving both poverty and output, such as a host of country-specific development-related variables in our cross-country setting.
Our regression specification weighs sectoral growth by its relative size. As Ravallion and Chen (2004) point out, this specification has the advantage that it allows for a simple test of whether the growth composition matters: If the null hypotheses that the coefficients j δ are equal to each other cannot be rejected, then the sectoral regression collapses to one where GDP growth is the only relevant explanatory variable. In this case, only size and not composition of growth would matter for poverty alleviation. Our the ratio of unskilled workers in a sector to total unskilled workers can be written as
α is the ratio of unskilled labor payments to sector's k value added, and k s is the share of sector k in total value added.
regression specification also allows for testing whether these sectors can be grouped in different categories, not according to their output characteristics but according to their relationship with poverty reduction. This will become important when we study the case of six-sector disaggregation. Table 1 presents the results when GDP is decomposed into agriculture, industry, and services. The regressions are conducted using both the full sample of 41 countries and the subset of 30 countries for which six-sector data are available. The latter exercise is conducted with the purpose of comparison with the six-sector analysis. In both samples (columns 1 and 3, respectively), the size-adjusted value-added growth rates of all sectors carry a negative coefficient but fail to be statistically significant. Likewise, in both samples the magnitude of agriculture's estimated coefficient is larger than industry's, which in turn is larger than services' coefficient. However, they fail to be significantly different from each other.
Sectoral growth's lack of individual significance and the inability to separate their effects indicates that the three major sectors are highly linked in their relationship with poverty reduction. This may be interpreted as evidence against the importance of growth composition for poverty alleviation, but it may also be the result of working with insufficiently disaggregated output categories (particularly when our high cross-country sample variation may be inducing large coefficient standard errors). We examine the latter possibility below when we analyze the six-sector case. Before doing that, however, we can take the failure to reject the equality of coefficients at face value and estimate a constrained regression that assumes equal sectoral effects. Apart from approximation errors, this is equivalent to regressing poverty changes on GDP growth rates. These results are presented in columns 2 and 4 for each of the samples, respectively. In both cases the growth elasticity of poverty is negative, statistically significant, and quite close to one in magnitude. Applying these restrictions, we can estimate the corresponding constrained regression, which we do using OLS (column 2) and a robust procedure that diminishes the influence of outlying observations (column 3). 6 Growth in agriculture appears to have a clear, significant poverty reducing effect. (Its magnitude, however, is not estimated precisely and inferences based on the point estimate are likely to be misleading.) Growth in manufacturing, construction, and services also appear to have a poverty reducing effect, which is statistically significant at marginal levels. In contrast, growth in mining and utilities do not seem to help reduce poverty, once growth in other sectors is controlled for. The tests for the equality of coefficients in the constrained regression broadly support the notion that the three groups (agriculture, manufacturing/construction/services, and mining/utilities) have statistically different impacts on poverty (see bottom of columns 2 and 3).
Poverty reduction and labor-intensive growth
Why would some sectors' growth contribute to poverty alleviation more than growth in others? There are a few potential explanations. One is the relationship between the geographic location of a sector's production and the incidence of poverty in the area. According to this argument, agricultural growth would have a large impact on poverty alleviation because the poor are concentrated in rural areas. A second explanation emphasizes market segmentation, which would prevent wage gains in one sector to be transmitted to the rest. Our theoretical model formalizes a third explanation according to which a sector's labor intensity determines its impact on poverty reduction, even in the presence of free labor mobility.
The basic result of our theoretical model links wage increases to sectoral growth and is given in equation (10). Adjusting for changes in the labor force, the multi-sector version of this equation can be written as,
Collecting terms,
That is, wage grows proportionally to aggregate output (first term) with a premium (second term) if growing sectors are sufficiently labor intensive relative to their size.
Assuming that wage increase and poverty reduction are linearly related, The consistency between relative labor intensities and the pattern of estimated sectoral growth coefficients is suggestive, but a more formal test can be conducted on the basis of out theoretical model. Equation (14) In order to estimate equation (16), it is crucial to obtain data on relative labor intensities by sector and country. As explained above, we derive these data from information on sectoral value added from World Bank (2005) and payments to unskilled workers from the Global Trade Analysis Project (GTAP). We focus on unskilled workers as they are likely to best represent the poor in each country.
Equation (16) provides a direct test of the model, and this is our basic and preferred specification. However, there are other possibilities. First, if we believe that relative labor intensities are technological driven and common across countries, then we can use a single j j s l ratio for each sector for all countries. This may be a good strategy if we are uncertain as to the quality of the data on labor intensities per country. We implement this specification by replacing the country-specific relative labor intensities in equation (16) by their corresponding sample median per sector. Second, a discrete or categorical version of the test can be derived by assuming that sectoral growth can have either a high or a low impact on poverty reduction depending on whether its relative labor intensity j j s l is, respectively, above or below a certain threshold, which we set equal to 1. This approach is useful if we are still uncertain as to the precise measure of relative labor intensities but don't believe that they are common across countries. We implement this specification by allocating sectors into two groups according to their relative labor intensity, regressing poverty changes on the growth rates of high and low labor-intensity groups, and then testing for the difference between their respective coefficients. Notice that the composition of these groups can vary from country to country. θ ) is also negative and highly statistically significant in our preferred specification (column 2). Interestingly, the regression fit increases considerably (from 11 to 31%) once information on labor intensity is added to that on aggregate growth. Figure 2 shows a partial-regression plot linking the change in poverty and labor-intensity-weighed sectoral growth; it confirms a negative pattern that is well established by most observations in the sample (we consider the issue of outliers below.) Thus, it appears that in addition to the size of growth, the composition of growth regarding its labor intensity is statistically and economically relevant for explaining poverty reduction.
The coefficient on labor-intensity-weighed sectoral growth is also negative and statistically significant when we use medians per sector across countries to measure relative labor intensity (column 3). However, the fit of the regression declines by about one third, revealing that country-specific data on labor intensities contribute useful information for growth composition to explain poverty changes. A similar message is obtained from the alternative specification based on grouping sectors by labor intensity (column 4). The coefficient on growth in high labor-intensity sectors is negative and statistically significant, while that on growth in low labor-intensity sectors is negative but not significant. However, the null hypothesis that these two coefficients are indeed different cannot be rejected (with a p value of 0.16). This, together with the fact that Rsquared in this case is only half of that in our preferred specification, reveals that the precise numerical values on country-specific labor intensities provide relevant information that cannot be captured by categorical indicators.
How robust are these results? Table 4 helps analyze robustness by presenting 5 alternatives to our basic regression (column 1). The first issue on robustness is the influence of outliers. The data on relative labor intensity, the influence of some countries in our basic results. To dispel these doubts, we run the regression using a procedure that weighs observations according to how they fit the pattern established by the rest. This is the robust regression presented in column 3. We also run the regression excluding completely possible outliers, identified as the countries that receive weights below 0.7 of a maximum of 1 in the robust procedure. These countries are Ethiopia, Vietnam, and The Philippines; and the corresponding results are shown in column 4. In both cases, the coefficient of interest remains negative and statistically significant, albeit with some loss in regression fit.
The second robustness issue concerns how representative our sample is. We have used all available observations according to our data requirements on pertinent variables and quality standards. However, it is possible to increase the sample size (from 30 to 42 countries) if we relax the standards on poverty data by including not only the observations deemed by Kraay (2005) as of high quality but all available ones. We run our preferred regression on the expanded data set, and the results are presented in column 5. The sign, significance, and even magnitude of the coefficient on labor-intensityweighed sectoral growth are remarkably similar using the expanded data set as the highquality one. Not surprisingly given the higher likelihood of measurement error in the dependent variable, the regression fit on the expanded sample suffers noticeably.
The last issue on robustness regards the influence of agricultural growth on our results. Given that agriculture is the sector with the highest relative labor intensive in most countries, it may be argued that our growth composition variable is just capturing the presence of agriculture, which may affect poverty reduction for reasons unrelated to labor intensity. We examine this possibility by adding (size-adjusted) agriculture value added growth as an independent explanatory variable to our basic specification. The results are presented in column 6. While the coefficient on agricultural growth is negative but not statistically significant, the coefficient on labor-intensity-weighed sectoral growth retains its sign, significance, and magnitude with respect to our basic specification. This suggests that the importance of agricultural growth in poverty reduction that has been recognized in the literature is mostly due to its intensive use of unskilled labor. Most significantly, the importance of labor intensity in growth's ability
to reduce poverty appears to be relevant across all sectors.
IV. Concluding Remarks
The first concern that developing countries face in their objective to reduce poverty is the lack of sufficient economic growth. This is justifiably so given that no lasting poverty alleviation has occurred in the absence of sustained production growth.
However, growth's sheer size does not appear to be a sufficient condition for profound poverty reduction. In fact, a complaint often heard in countries around the world is that the poverty response to growth is sometimes disappointing.
A general argument for the resilience of poverty relies on either the lack of opportunities presented to the poor or their inability to take advantage of them. If the poor are malnourished, are uneducated, live in remote areas, or are discriminated against, the gains of economic growth are likely to escape them. This paper offers a complementary perspective supporting the general argument on the lack of opportunities.
In a nutshell, the paper argues that not only the size of economic growth matters for poverty alleviation but also its composition in terms of intensive use of unskilled labor, the kind of input that the poor can offer to the production process.
The paper first illustrates the connection between wage expansion (poverty reduction), labor intensity, and sectoral growth through a multi-sector theoretical model.
Then, considering the model's insights, it conducts a set of empirical exercises using cross-country data on poverty changes as the dependent variable. The paper finds that the growth impact on poverty reduction varies from sector to sector and that, moreover, there is some systematic pattern to this variation. Sectors that are more labor intensive (in relation to their size) tend to have stronger effects on poverty alleviation. Thus, agriculture is the most poverty-reducing sector, followed by manufacturing, construction, and services; while mining and utilities by themselves do not seem to help poverty reduction.
After this sectoral-driven empirical analysis, the paper conducts a more direct test of the model by considering poverty reduction a function of not only aggregate growth (which would represent growth's size effect) but also a measure of labor intensive growth (which would represent its composition effect). The results confirm that poverty alleviation indeed depends on the size of growth. However, they also indicate, and quite robustly so, that poverty reduction is stronger when growth has a labor-intensive inclination.
From a positive perspective, these results may help understand the considerable disparity in the poverty reaction to economic growth and, in particular, why in some circumstances poverty is irresponsive to production improvements. This would be the case of, for instance, a country experiencing a mining or oil boom that is unaccompanied by growth in other sectors. From a normative perspective, this study does not provide grounds for "industrial" (or selective) policies as it does not deal with the sources of sectoral growth, the complex links across sectors, or the political economy of government intervention. Instead, the results of the paper suggest that policies that discourage labor employment, induce informality, or invite capital-biased technological innovation are illadvised to reduce poverty. Removing biases against labor, whether policy-induced or not, can effectively create opportunities for the poor in growing economic activities and, thus, help them break away from their condition.
Table 1. Poverty Reduction and Sectoral Growth: 3-Sector Disaggregation
In all regressions, the dependent variable is the annualized growth rate of the headcount poverty index during the longest spell available for each country. The independent variables are individual sector's per capita value added growth weighed by the share of this sector's value added in total GDP. Numbers in parentheses are robust t statistics.
Table 3. Poverty Reduction and Labor-Intensive Growth
In all regressions, the dependent variable is the annualized growth rate of the poverty headcount during the longest spell available for each country. GDP growth is the average growth rate of real GDP per capita during the corresponding spell. Labor-intensity-weighed growth is, for each country, the sum across sectors of the product of a sector's per capita GDP growth, its share on total GDP, and its excess use of unskilled labor. For each sector and country, the excess use of unskilled labor is the difference between its relative labor intensity (the ratio of a sector's share of total unskilled labor employment to its share of total value added) and one. The growth of high (low) labor intensity sectors is the share weighed growth of those sectors that, in a given country, had a ratio of unskilled labor share to GDP labor share greater (lower) than 1. In the median weighed labor intensive growth, the share weighed growth of the different sectors is multiplied by the median ratio of unskilled labor intensity of that sector across countries instead of using each country's value. The sample corresponds to those countries in the high quality sample used by Kraay (2005) Table 4 
. Poverty Reduction and Labor-Intensive Growth: Robustness
In all regressions, the dependent variable is the annualized growth rate of the poverty headcount during the longest spell available for each country. GDP growth is the average growth rate of real GDP per capita during the corresponding spell. Labor-intensity-weighed growth is, for each country, the sum across sectors of the product of a sector's per capita GDP growth, its share on total GDP, and its excess use of unskilled labor. For each sector and country, the excess use of unskilled labor is the difference between its relative labor intensity (the ratio of a sector's share of total unskilled labor employment to its share of total value added) and one. Column (1) reproduces the benchmark regression for reference. In Column (2), the measure of unskilled labor intensity did not trim the outliers. Column (3) shows the results obtained using robust estimation techniques. Column (4) reports the results obtained after dropping Vietnam, Ethiopia, and Philippines from the sample. Column (5) shows the results obtained using all the countries with long spells available (not only the high quality sample used by Kraay, 2005) . Column (6) 
Appendix 2. Definitions and Sources of Variables Used in Regression Analysis

Variables Definition and Construction Source
Growth in headcount poverty index The ratio of unskilled labor in agriculture to total unskilled labor, calculated as the ratio of payments to unskilled workers in agriculture to payments to unskilled workers in all sectors. This calculation assumes wage equalization across sectors.
Authors' calculation with data from Global Trade Analysis Project (GTAP), Purdue University (2005) Unskilled labor intensity in industry
The ratio of unskilled labor in industry (mining, manufacturing, utilities & construction) to total unskilled labor, calculated as the ratio of payments to unskilled workers in industry to payments to unskilled workers in all sectors. This calculation assumes wage equalization across sectors.
Authors' calculation with data from Global Trade Analysis Project (GTAP), Purdue University (2005) Unskilled labor intensity in mining
The ratio of unskilled labor in mining to total unskilled labor, calculated as the ratio of payments to unskilled workers in mining to payments to unskilled workers in all sectors. This calculation assumes wage equalization across sectors.
Authors' calculation with data from Global Trade Analysis Project (GTAP), Purdue University (2005) Unskilled labor intensity in manufacturing
The ratio of unskilled labor in manufacturing to total unskilled labor, calculated as the ratio of payments to unskilled workers in manufacturing to payments to unskilled workers in all sectors. This calculation assumes wage equalization across sectors.
Authors' calculation with data from Global Trade Analysis Project (GTAP), Purdue University (2005) Unskilled labor intensity in utilities
The ratio of unskilled labor in utilities to total unskilled labor, calculated as the ratio of payments to unskilled workers in utilities to payments to unskilled workers in all sectors. This calculation assumes wage equalization across sectors.
Authors' calculation with data from Global Trade Analysis Project (GTAP), Purdue University (2005) Unskilled labor intensity in construction
The ratio of unskilled labor in construction to total unskilled labor, calculated as the ratio of payments to unskilled workers in construction to payments to unskilled workers in all sectors. This calculation assumes wage equalization across sectors.
Authors' calculation with data from Global Trade Analysis Project (GTAP), Purdue University (2005) Unskilled labor intensity in services
The ratio of unskilled labor in services to total unskilled labor, calculated as the ratio of payments to unskilled workers in services to payments to unskilled workers in all sectors. This calculation assumes wage equalization across sectors. Note: * All sectoral growths are per capita value added in that sector (weighed by the share of its value added in total GDP). Note: * All sectoral growths are per capita value added in that sector (weighted by the share of its value added in total GDP).
